The precise localization by using Wi-Fi Access Point (AP) 
Introduction
Locating is an essential technology which finds lots of industrial applications such as marketing, rehabilitation campuses, military and security applications, and so on [1] [2] [3] [4] [5] . Instead locating technologies and its applications are either time based or radio signal strength (RSSI) based systems, most of the technologies prefer RSSI based systems. GPS and cellular based systems have very satisfied location precision capability at outdoor, but they have almost no capability (GPS) or limited capability (cellular) to cover for indoor positioning. It should be noted that cellular technologies are also operator dependent, not flexible, and not applicable to indoor locating. In order to increase the performance of indoor positioning services, most indoor locating systems use multilateration on fingerprinting positioning methods [2] . Fixing a location requires some reference frames to describe positions relative to those pre-determined references, and frames are commonly called as coordinate systems in which any location is specified with respect to its origin. Indoor locating technologies are rapidly growing as a result of an increase in popularity of mobile equipment. This popularity requires that development of a proper propagation model and locating algorithms are essentials for uninterrupted and/or precise locating systems in an indoor environment. Requirement to use of a proper model forces scientists to investigate propagation mechanisms [1] [2] [3] [4] [5] [6] [7] . There is also tremendous increase in Wi-Fi localization system applications in an autonomously navigating robot project [3, 4] . Such models, basically, use Wi-Fi signature map with geometric constraints and introduce a continuous perceptual model of the environment generated from the discrete graphbased Wi-Fi signal strength sampling. Continuous localization techniques referring to known reference points are slightly different than the certain location identification at any time.
RSSI based in building positioning systems are growing very rapidly in two ways. One way of indoor positioning is passive-localization and the other one is called active-localization. Passive-localization systems are basically based on Radio Frequency Identification RFID technologies which do not allow two way communications, but provide comparably accurate location [5, 6] . Ozdenizci, et al., [6] present a case study for the system requirements giving the design details. They compared their proposed approach with existing indoor navigation [7] . Another study presents a visual localization approach that is suitable for domestic and industrial environments as it enables accurate, reliable and robust pose estimation. They used innovative artificial landmarks (clusters of high intensity RGB LEDs) on the ceiling which create cancellation [7] . There are studies [8] [9] [10] using Wi-Fi based systems for indoor locating. Campos, et al., [8] presented a system for multi-floor indoor positioning which considers architectural aspects. They proposed a Data Correlation Method combined with neural network applications on them. They compared measured Radio Signal Strength (RSS) levels by applying natural data clustering and data correlation methods. RSS based techniques do not require any synchronization like Time of Arrival (TOA) and Time Difference of Arrival (TDOA) methods [11, 12] . Mani, et al., [13] proposed a study that parameterizes a polarimetric diffuse scattering model in an indoor environment, since diffuse or dense multipath components play an important role in determining the polarization behavior of wireless transmission channels. Their analysis reveals that diffuse scattering significantly depolarizes the impinging wave in indoor scenarios. Their method briefly tells that MIMO applications will be more beneficial for better indoor localization, since 3D electromagnetic field in the air will bring extra gain and extra advantage to designers [14] [15] .
In this study; a median filter was applied to RSSI values collected by wifi units present on any commercial laptop, -55dBm level was preset as the threshold value (named as close distance border or equally close distance error elimination process) in the algorithm, and a correction function ext  has been added to well known path loss model in Section 3.2. Proposed model considering scanned RSSI level in addition to well known n-index based path loss formula is a new comment to literature.
Materials and Methods
Wi-Fi transmitters, holding omnidirectional antennas, operating between 2200 MHz and 2600 MHz were used as a part of measurement setup. The antenna had an output power of 21 dBm. A wifi unit present on any ordinary commercial laptop was used as a radio receiver with our own software. Safe (clear) IP dependent frequencies were selected not to be interrepted by additional communication traffic in the system. Additional traffic may affect the propagation mechanisms. Transmitting antennas were placed just below the roof that they are about 2.4m above the ground and 30cm below the roof. The accuracy of RF receiver was assumed as 1 (dBm), it is the average received signal power that, in total, ~100 samples were taken within a cycle. Kim, et al., [16] proposed a study to measure small-scale fading and noted that 0.125 cm measurement interval at 2.4 GHz is enough. Since the used receiver speed in this study is much faster than Kim's study; sampling interval is greater than 0.125 cm, and 100 samples were taken in one calculation cycle in order to remove small scale affects. Three sets of measurements had been conducted in total; By using first set's data, standard path loss measurements (when there is no obstruction between transmitter and receiver) had been conducted in two different corridors of an engineering faculty as seen in Figure 1 for slope calculation, and the rest one was used for model verification and for determining ext  value as mentioned in Section 2.1. Shadowing factor ext  is normally a random variable depending on an environment, but calculated one also guarantees/covers that random variable.
Indoor Propagation and Locating Algorithms 3.1. Slope of Enviroment
Instead, there are varying indoor propagation models valid in the literature [17, 18] , very common model used for indoor path loss calculation using Radio Signal Strength (RSS) is given in Equation (1) [4] .
Where ) (d P is the signal strength obtained by the receiver at a distance of d and
is the received signal strength at 1m distance (means reference signal) both in dBm, n is the path loss index for indoors, and ext  is normally the random variable describing shadowing factor [9, 10] .
Four different Wi-Fi transmitters were located around the corner of measurement campaign presented in Section 3.2. Corridors used as a measurement campaign is 7.2m wide and 50m length. Since n value is a value which strictly depends on interested campaign's dimensions and structures, measurements were conducted in order to calculate IP dependent n values. In logarithmic form of path loss, n (slope of path loss) can be approximated by Equation (2) . Experimental studies show us that this equation itself has not enough capability to obtain precise location informations. As it will be detailed in further sections; this equation need to be improved by considering additional parameters or additional conditions. 751 Figure 2 shows path loss attenuation versus distance in 10*log for AP-A as an example. Similar path loss distributions were obtained for other three APs. Path loss measurement points are aligned by 60cm apart from each other that 120 different locations were determined in order to calculate the slope n presented at Table 1 . A dataset stores those path loss index "n" values for future usage. Table 1 gives IP dependent calculated n values that they are they are slightly different then from each other. After obtaining "n", one needs to determine/describe shadowing factor parameter ext  .
Instead we might have determined this value from the literature referring to the similar measurement campaign, we preferred to generate it. The value of this parameter was generated from control data (more than 2,000 data distributed at 576 different locations) as 8.62 by using k-means clustering error calculation [19] . It has to be noted that there were four different ext  parameters values related to each AP, and they are very close to each other. Final value was obtained by median filter application. Obtained value can compensate shadowing affects which normally has to be determined randomly.
Derivation of New Empiric Model for Indoor Environment
Although the aforementioned path loss model is a good starting point for path loss estimation, such a simple model for the path loss only exists in special cases. It was observed that the calculation of path loss using Equation (2) results in some deviation, and this small deviation in calculated distance (to be used in multilateral location calculation) brings very big unexpected error in relative coordinates. By the way, one needs to take into account/consider additional correction parameters to improve Equation (2) . Experimentally observed that a distance calculated by using strong signal levels (RSSI >-55dBm) have big relative coordinate errors. This is mostly because of transmitting antenna near field affects. This observation is the starting point that those strong signals need to be eliminated from reference distance calculation list which is named as close distance error elimination approach (CDEEA). In a similar way but not the same level; weak RSS signals scanned at long distances fail to predict a relative distance as expected. Coordinates/positions were calculated based on Equation (2), and we observed deviated coordinates. Figure 3 demonstrates initial coordinate deviation distribution function with respect to RSSI, and we describe a function named as initial coordinate deviation distribution function as  (m) in terms of power (P) in dBm. The term initial in the text refer to starting values which is going to be corrected by some application furher in this text. 
RSS levels referring those critical two points (one for close distance and one for weak signal) can be estimated by taking the derivative of initial deviation distribution function  and equating it to zero as in Equation (4). Zeros of this equation gives a RSS level of about -55dBm as close distance error elimination limit (border) and -70dBm as weak RSSI limit (border).
Observing initial coordinate deviations in Figure 3 , and by using results of Equation (4) forces us to obtain a correction function (2), and a final path loss distance in terms of power in dBm and distance in meter can be described as in Equation (6). 753 Figure 5 demonstrates the flowchart for distance calculation between target and a certain transmitter Tx. Systems scan RSS levels based on WLAN ID followed by an application of median filter on them. Median filtered data are feeding close distance error elimination approach (CDEEA) unit for making decision. This first decision determines either scanned WLAN ID based RSS signal will be included into location calculation or not. If not, that scanned RSS value is ignored from the location calculation for that location. Otherwise it is recorded for further calculations. Depending on the results obtained from Equation (4), two different correction functions are generated. With generated correction functions and previously stored building based path index n, system makes distance calculation. 
Results
To evaluate the model performance, it is compared with other proposed models. As proposed in [17] [18] [19] [20] [21] [22] [23] , performance is quantified by using root mean square (RMS) error, defined by Equation (7) . Where i E is the difference between estimated and measurement value at i th point of measurement in dBm and n is the number of measurement points. By using IP dependent path loss equations with close distance error elimination algorithm (CDEEA), mobile equipment location was calculated. Calculated locations in x and y directions are compared with real geometric location in data base. It is observed that, while mean error without proposed algorithm is 3.34 (m) difference in total combined distance, it slightly decreased to 2.96 (m), as shown in Table 2 (a). Table 2 (b) indicates longitudinal mean error in (m) and transverse mean error in (m) throughout the corridor. These are comparably at very good levels comparing with the literature. 
Conclusion
Rapid development of location systems has made indoor locating systems are quite popular and widespread such that they find lots of commercial applications. Proposed study uses wifi units of any ordinary commercial laptop as a receviver combined with close distance error elimination approach that the second best locating performance (location error is less then 3m in total) has been achieved for 90% precision level in the literature.
A model considering RSS level and close distance error elimination algorithm combined with median filters increases the performance of conventional RSS based location systems by amount of 12%. Minimum Transverse mean-error has been obtained as 1.83(m). Although proposed model gives a good performance within the scope of this study, it needs to be improved. Future work will focus on walking lives affecting indoor propagation model as well as indoor locating algorithms and close antenna wall effects on propagation model, and we are trying to combine both WiFi based systems with ultrasonic locating systems named Hybrid Indoor Locating Systems (HiLOS) [22] .
It is quite clear that usage of professional well designed WiFi receivers will allow us to determine more precise results. Since our starting point was based on the usage of ordinary wifi units on any laptop, we did not try them. Those well designed and accessible WiFi units will be used with HiLOS studies.
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